Abstract: A new approach using fuzzy linear programming is proposed for solving the hydroelectric generation scheduling problem. A characteristic feature of this approach is that the errors in the forecast hourly loads and natural inflows can be taken into account by using fuzzy set notation, making the approach superior to the conventional linear programming method in which the hourly loads and natural inflows are assumed to be exactly known and there are no errors in the forecast loads and natural inflows. To reach an optimal schedule under the uncertain environment, a fuzzy linear programming model in which the hourly loads, the hourly natural inflows and the cost are all expressed in fuzzy set notations is developed. The developed fuzzy linear programming approach is applied to schedule the generation in the Taiwan power system which contains ten hydroplants including cascaded ones. It is found that the proposed approach is very effective in obtaining proper hydrogeneration schedules in uncertain conditions.
Introduction
The major objective of hydrogeneration scheduling in a power system is to minimise the total fuel cost of thermal units by utilising the limited water resource. It is a typical optimisation problem in which the total operating cost over the study period is minimised subject to load and all system constraints. Numerous approaches have been proposed for solving hydroelectric generation scheduling problem [l-81. In conventional approaches to the hydroelectric generation scheduling problem, the power generation-load balance and the water balance equation must be maintained at each hour over the study period. In other words, the following equations must be satisfied at each hour t.
1 Pi(X,) + GTHERMAL, = L, X , + l = yi, + c x , -xi, + R, ( where L, = total system load at hour t yi, = water volume of reservoir i at beginning of hour t Xi, = volume of water released from reservoir i for generation during hour t P J . ) = water-to-energy conversion function of power plant associated with reservoir i Mi = set of reservoirs under study Ri, = volume of natural inflow to reservoir GTHERMAL, = total power from thermal units at N i = set of immediate upstream reservoirs Note that the study period is one day (24h) in the present work. It is also worth noting that eqn. 1 holds since transmission losses are normally neglected in the hydroelectric generation scheduling problem.
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Eqns. 1 and 2 reveal that system load demand and natural inflows must be known before the hydroelectric generation scheduling problem can be tackled. Load demands and natural inflows can only be known through short-term forecasting. Since load demand and natural inflows depend on the social behavour of customers, weather variables, etc. there are always errors in the forecast system loads and natural inflows. This raises the equation of how to tackle the hydroelectric generation scheduling problem when the load demand and natural inflows are imprecise.
In this paper, the hydroelectric generation scheduling problem is formulated as a constrained optimisation problem. We use an aggregated thermal unit, which is obtained through dispatching available thermal units by the lambda-iteration method [SI, to construct the thermal generation cost function and to linearise this function in the nearby operating point at every hour. It is assumed that the company requirements to produce at minimal cost, to meet the load demand and the water balance equation are not as crisp as is commonly believed. An approach based on fuzzy sets is proposed to reach the desired hydro generation schedules based on uncertain load demands and natural inflows.
Fuzzy models [lo, 111 have received much attention from power engineers in the past few years. Many interesting applications of fuzzy sets in the power field have been reported [12- introduced by Zadeh for handling nonprobabilistic uncertainties associated with the structure of a set of objects. The fuzzy set theory is considered as a generalisation of traditional probability set theory. The idea is to replace the concept that each variable has a precise value by the fuzzy concept that each variable is assigned a degree of membership for each possible value of the variable. To reach an optimal generation schedule under the fuzzy environment, generation costs, load demand and natural inflows are all expressed in fuzzy set notation. Fuzzy linear programming [ I l l is then used to obtain the desired generation schedule.
The effectiveness of this technique has been demonstrated by hydrogeneration scheduling of the Taiwan power system which consists of four Ta-Chia River cascaded plants, three Cho-Shui River plants (including a large pumped storage plant and two cascaded hydroplants) and three hydraulically independent plants.
The hydroelectric generation scheduling
Scheduling hydrogeneration is well known to be coupled with its thermal counterpart. We now decouple the hydroscheduling from the thermal part by first assuming a purely thermal system. For each given load level, the lambda-iteration method is performed to solve the economic dispatch over the set of available units [9] and to evaluate the thermal generation cost to meet the load demand. In other words, we aggregate all the available thermal units into one equivalent unit and construct its generation cost function. Then, in hydroscheduling, we try to find the best way of substituting hydro for thermal energy based on this function so that the system generation cost is minimised. In the Taiwan Power Company's hydrosystem, there is no significant delay relative to the one-hour time increment for water to flow from one reservoir to its immediate downstream neighbour. To do this, the study period (one day for the present work) is divided into N stages (N = 24 in the present case) and the hydroscheduling problem is then formulated as follows : (iii) Bounds on water releases -X i < Xi, < and 4 < Si, < i = 1,2, . . . , 10 (6) (iv) Bounds on a reservoir storage Note that the above formulation turns out to be a discrete time optimisation problem with linear constraints on both decision variables Xs and state Ys.
To deal with the optimisation problem, both dynamic programming and linear programming can be employed. In the present work, the linear programming approach is used to tackle the hydroscheduling problem. Since the convex objective function in eqn. 3 is a nonlinear function of the variable GTHERMAL, it is necessary to linearise this function first in the linear programming formulation. Fig. 1 depicts a piecewise linear approx-
GTHERMAL (thermal generation)
Thermal generation cost function approximated by multi- inequality constraints can be replaced by fuzzy sets and the objective function can also be replaced by a fuzzy set. In this case, the fuzzy linear programming formulation to be described in the following section must be used instead of the conventional linear programming formulation.
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Fuzzy set theory is a generalisation of traditional crisp set theory. As the underlying formulation of any optimisation problem relies on the set structure, optimisation problems under an uncertain environment can be reformulated using fuzzy sets. Some important definitions of fuzzy sets can be found in Reference 14.
In this section, a fuzzy linear programming model is developed based on fuzzy constraints and cost function.
Proposed fuzzy linear programming approach
Fuzzy set formulation is used because we want a good solution to a model that represents the uncertainties inherent in a practical optimisation problem.
In the proposed fuzzy linear programming (FLP) approach, the power generation-load balance equation and water balance equation in eqns. 4 and 5 are treated as fuzzy constraints since they are related to the imprecise (fuzzy) hourly loads L and natural inflows R. A fuzzy objective function characterised by a fuzzy set C related to total generation cost C of the thermal units is used.
Since the objective of hydroscheduling problem is to minimise the total generation cost, we can define a membership function for the fuzzy set C so that a high cost is given a low membership value. By keeping the membership function as high as possible, a desirable solution with low generation cost can be reached.
The hydroscheduling problem originally formulated in eqns. 8-10 under crisp conditions must now be reformulated under fuzzy environments.
min C (11)
A X > b
subject to where in eqn. 11 is a fuzzy objective function and eqn. 12 is a fuzzy constraint.
In the proposed approach, the fuzzy objective in eqn. 11 is reformulated as a fuzzy constraint. In other words, we want to keep the total cost below some maximum level of expense, CM. Below this level of expense, a higher membership value indicates a better solution for that objective. Thus, eqns. 11-13 are reformulated as follows. It is observed that we have three types of fuzzy constraints in eqn. 14.
Fuzzy constraint related to objective function (generation cost)
It was mentioned before that the generation cost should be less than C M . In addition, a low cost must be given a high membership value. Fig. 2 depicts the membership function E for the fuzzy variable sigmfying total cost C. In this figure, a membership or a satisfaction value of 1 is assigned to any C that is less than CM-P,. As C becomes larger than CM-Pc, the degree of satisfaction will decrease to zero linearly when C is equal to CM. The degree of satisfaction is zero for any value of C greater than C M . Note that a linear membership function is adopted since we are using the fuzzy LP approach. The membership function pt is expressed as
where P, = cost tolerance value. For a given amount of thermal generation GTHER-MAL, the total cost C is computed using eqn. 3. Then the membership function pc can be computed using eqn. 16. obvious from eqn. 17 that, as long as the membership function for the fuzzy set AL, is known, that for the fuzzy set L,, oct.nl can be determined. In the present work, a linearly decreasing membership function in a triangular form is used. The membership value will be 1 for AI = 0 where no forecast error is observed. For other values of Al, the membership function decreases with increasing forecast error. A membership function pi as depicted in Fig. 3 Based on previous experience with natural inflow forecasting at the Taiwan Power Company, the error is around 15%. Therefore, a membership function as shown in Fig. 4 is employed for the fuzzy set d i T h e membership function is expressed as follows P, -Ar 0 < Ar < P , -P, < Ar < 0 otherwise where P , = average forecast error = 15% in present work Ar = percentage error in natural inflow forecasting
PR

Fig. 4 Membershipfunction pE for natural inflow
Note that the membership function pi is similar to the membership function pi in Fig. 3 . Note also that the percentage error is within the range -P, < Ar < P ,
Therefore, the allowable range for the natural inflow is as follows :
Rforor,w(l -P,) R,,,l < Rforecoat(l + Pr)
For any natural inflow Ri, (i = 1, 2, ..., 10; t = 1, 2, ..., 24) within the specified range, the membership function pi,, related to the water balance equation in eqn. 22 can be computed using eqns. 24 and 25. The number of membership functions for the water balance equations is
With the membership functions for the three types of fuzzy constraints in eqn. 14 in hand, we can proceed to determine an 'optimal' solution which best satisfies these constraints.
Based on previous discussions, a solution X to the fuzzy linear programming model is called a feasible solution if X satisfies the crisp constraint, (eqn. 15), and the bounds for hourly loads L,,-, (t = 1, 2, .,.., 24) and the natural inflows Ri, (i = 1, 2, ..., 10; t = 1, 2, ..., 24) defined in eqns. 21 and 27, respectively, are satisfied. Among the numerous feasible solutions to the FLP problem, we will choose a solution which meets the fuzzy constraints in eqn. 14 to the highest degree.
It was mentioned that the fuzzy constraints in eqn. 14 can be classified into three types and we can use membership functions pe, p~ (t = 1, 2, . . ., 24) and pi,, (i = 1, 2, ._., 10; t = 1 , 2, ..., 24) to describe the degrees to which the constraints related to generation cost, generationload balance and water balance, respectively, are satisfied. Since our purpose is to meet all the three types of constraints at the same time, we can use the min-operator to model the intersection of the fuzzy sets. In other 10 x 24 = 240.
words, the overall membership function pa(X) for a fuzzy decision X is defined as The optimal solution of eqns. 30 and 31 is the vector (a*, E ) where E is the optimal decision and a* is the membership function associated with the decision. The optimal solution can be found by solving one standard (crisp) LP problem. This makes the proposed FLP approach computationally very efficient.
Example
To demonstrate the effectiveness of the proposed fuzzy linear programming approach, hydroelectric generation scheduling is performed on the Taiwan power system which consists of four Ta-Chia River cascaded plants, three Cho-Shui River plants (including a large pumped storage plant and two cascaded hydroplants) and three hydraulically independent plants. The schematic diagram of the hydroplants along both the Cho-Shui River and the Ta-Chia River is shown in Fig. 5 . The hydro system data used for the present work are presented in Table 1 . The forecast hourly loads are listed in Table 2 .
The computational results are summarised in Table 3 and Figs. 6 and 7. Table 3 gives the hourly load demands, the total power from the hydrounits and the production costs for the optimal hydrogeneration schedules reached by using the linear programming and the proposed fuzzy linear programming. It is observed from Table 3 that dif- In most hydrogeneration scheduling studies, a production cost is usually given for the resultant generation schedule. This production cost can only be regarded as a 'predicted' cost which is computed on the assumption that, in actual operation, the hourly loads and hourly inflows will be the same as the forecast loads and the forecast inflows, respectively. Since there are always errors in both forecast loads and inflows, the actual production cost can only be known after the schedule has been executed. Therefore, the production costs given in Table 3 are only the 'predicted' cost under the particular hourly load demands and inflows assumed by each approach. They are, by no means, the 'actual' production costs. By comparing the total costs from LP and FLP in Table 3 , it is observed that the total cost for the generation schedule from the proposed FLP approach is less than that for the generation schedule from conventional (crisp) LP. The main reason for the difference in the resultant production cost is that the uncertainties in load demands and natural inflows are taken into account in the proposed fuzzy linear programming approach. In the process of reaching an 'optimal' hourly generation schedule, we try to reduce the production cost by keeping the membership function for the cost pc as high as possible. Therefore, the reduction in production cost is achieved by taking advantage of the uncertainties in load demands and natural inflows. This observation is confirmed by the different hourly loads and hourly hydrogeneration in Table 3 .
Figs. 6 and 7 illustrate the water release schedules for two of the ten reservoirs over the 24 h scheduling period. Details of the water release for other reservoirs are not given due to limited space. It is observed from Fig. 6 that different water release schedules have been obtained by using the two approaches since different hourly inflows are assumed by the two approaches. In the LP approach, the forecast hourly inflows are directly employed. But these natural inflows have been modified in the FLP approach by taking the uncertainties in the natural inflows into account.
Since the membership functions pc, pLL and p~ described in Figs. 2-4 , respectively, have been chosen somewhat arbitrarily, it is desirable to see how different parameters P , , P, and P, in the membership functions will affect the final result. The total costs and alpha value of the optimal hydro generating schedules obtained by using different parameters ofpcc, pLL and pcn are compared in Table 4 .
From the results in Table 4 , the following observations can be made:
(i) By comparing the total costs of the optimal schedules obtained by using the same parameters of the membership function pLL and pR for the load demand error and natural inflow error, but using different tolerance values P, for the membership function p c , it is observed that the total cost can be reduced by increasing the tolerance values P , for p c . This is as expected since a greater tolerance value for pc implies a lesser penalty for the decrease in the total cost. Therefore, the FLP will try to find a hydrogenerating schedule which has a lower cost if a larger tolerance value is employed for p c . It is also observed from Table 4 that the optimal decision will have a smaller a if a greater tolerance value P, is employed. In summary, the total cost of the optimal hydrogenerating schedule can be reduced by using a great tolerance value at the price of having a lower a. In practical applications, a decision with too low an a is unacceptable since a small a implies that both the load and the inflow level used are far from the actual load and inflow.
(ii) Under a forecast load error of 3%, the total cost of the optimal schedule can be reduced by using a great natural inflow tolerance error. It is also observed that, under a forecast inflow error of 15%, the total cost of the optimal schedule can be increased by using a small load demand tolerance error. This is as expected since the economic factor is considered.
5
Conclusions
A novel technique using fuzzy linear programming has been developed for the short-term hydroelectric generation scheduling of a power system. A standard LP algorithm can be applied to the fuzzy formulation. To take the errors in both forecast hourly loads and inflows into account, membership functions are derived for the total cost, the load demand and the natural inflow using fuzzy set notations. With these membership functions at hand, an algorithm for fuzzy linear programming is presented to reach the optimal hydrogenerating schedule under the fuzzy environment. The developed algorithm is applied to the hydroelectric generation scheduling of the Taiwan power system which consists of 10 hydroplants. Results reveal that the proposed fuzzy linear programming is very effective in reaching an optimal hydrogenerating schedule when the imprecision in the hourly loads and inflows is considered. The effect of different membership functions on the final result is also examined. It is obvious that the proposed fuzzy linear programming approach requires more computer time than the linear programming method. The required CPU time for the FLP on a Sun Workstation is 51 1 s, whilst that for LP is 251 s on the same machine. 
